Technologies currently used for cotton contaminant assessment suffer from some fundamental limitations. These limitations result in the misassessment of cotton quality and may have a serious impact on the evaluation of the economic value of the cotton crop. This paper reports on the recent advances in the use of a 3D x-ray microtomographic system that employs image processing and pattern recognition techniques to accurately detect and classify trash present in cotton. The proposed method offers an attractive alternative to existing trash evaluation technologies, because of its ability to produce 3D representations of the samples, to robustly segment the trash from its background, and to accurately classify the contaminant types. This procedure, could have a serious impact on the process control technologies (cotton lint cleaning), and indeed on the economic value of cotton.
INTRODUCTION
Even under ideal field conditions, cotton lint becomes contaminated with leaf fragments and other trash such as bark, seedcoat fragments and polypropylene. Although most foreign matter is removed by cleaning processes during ginning, total trash extraction is impractical and can lower the quality of ginned fiber. The amount of foreign matter present in the cotton after ginning plays an important role in determining the price of the cotton lint. Grading is the process where cotton is inspected and certified according to the official standards. The grade is given by the visual appearance of the cotton lint and is determined on the basis of its brightness and yellowness of the fibers as well as by presence of extraneous matter [1] . Precise measurement and identification of trash particles in cotton can improve the accuracy and repeatability of the grading process, and could provide vital feedback for optimizing both the ginning and spinning process.
Trash can easily be detected and identified by visual inspection, because the trash usually has different color than the white cotton lint. The main drawbacks of manual inspection are the high cost of trained labor and their poor repeatability of cotton quality assessment. It is precisely for this reason, that the USDA (United States Department of Agriculture) is interested in exploring techniques that would facilitate automatic detection and identification of cotton contaminants. Initially, methods that involve physical separation of trash from cotton were developed. Shirley analyzer and AFIS (Advanced Fiber Information System) accomplish their goal by physically separating, weighing and counting (AFIS only) the contaminants. Even though these systems can determine the amount of trash in a cotton sample with high degree of accuracy, they lack the capability to distinguish between various trash types and to give accurate trash size distribution. One other drawback of physically separating the trash is that it is an irreversible process; once a cotton sample is tested using such machines, that sample cannot be used for other tests. The above-mentioned drawbacks underline the need for more sophisticated systems that do not destroy the cotton samples. To this end, systems that employ image analysis techniques were developed. In HVI (High-Volume Instruments) cotton classing, a black and white camera takes a picture of raw cotton, and the trash data are reported in terms of the total trash area in the image and trash particle counts. The obvious drawback of this system is that, the visible light rays used to capture the image, cannot penetrate the cotton sample and so the trash particles present deep inside the sample are left undetected. The precision and accuracy of HVI measurements are highly sensitive to sample preparation and handling, and, hence cannot be used as a reliable means to quantify the amount of trash present. Recent research efforts exploring the use of better separation machinery [2] , color scanners [3] , [4] , and more effective sample preparation mechanisms [5] have generated only incremental improvements.
Earlier work [6] , done using a 3D x-ray microtomographic system has been successful in detecting bark, polypropylene and seedcoat fragments in cotton. In segmenting these common trash types from the tomographic images, this work assumes uniform density for cotton, which is seldom true. In this paper, we report on our recent advances in the use of a 3D x-ray microtomographic system that employs image processing and pattern recognition algorithms to accurately detect and classify trash, also overcoming the aforementioned shortcomings. The main objectives of this work are to 1)Add leaf to the already studied trash classes. 2)Develop a more robust segmentation technique to separate trash from cotton lint. 3)Identify features to recognize trash. 4)Evaluate the performance of the classing system.
The proposed system is intended for use as an off-line, reference method for trash assessment. The novelty of the approach lies in the fact that, to the best of our knowledge, the application of x-ray imaging techniques in this area has yet to be explored by any other research group.
MATERIALS AND METHODS

A. Microtomography System Description
The hardware used in this project consisted of the SkyScan -CT 1074 portable microtomography system [7] , which is connected to a desktop computer through a Picolo frame grabber PCI card. It should be noted that this system can be used to produce radiographic, as well as tomographic images of the objects of interest. Radiographic images, although formed in near real time, are not useful for the detection of low-density objects that bear a small width-to-depth aspect ratio. Tomographic images, on the other hand, overcome this difficulty by combining multiple views of the object. The projection data are collected from multiple angles. The computer then reconstructs the data to obtain cross-sectional slices. A number of slices can be stacked up together to provide a 3D view of internal and external structural details. The Radon transform [8] and its inverse provide the mathematical basis for reconstructing tomographic images.
The x-ray tube of scanner operates at 20-40 kV and 0-1000µA. The CCD camera has a resolution of 768 x 576 pixels with 256 gray levels. Reconstructed cross-sections have a maximum size of 732 x 732 pixels. This system can achieve a maximum pixel resolution of 40 µm and can accommodate objects with width lesser than smaller 30 mm.
B. Scanner Characterization
The cross-sectional images resulting from the reconstruction procedure represent a quantitative measure of the linear x-ray attenuation coefficient at each point in the axial plane of the 3D object. It was observed that, for SkyScan -CT 1074, the produced values of attenuation coefficient are quite stable within the first decimal place, both spatially and longitudinally [6] . A study of how the contrast between the commonly found cotton contaminants (bark, seedcoat fragments and polypropylene) varies with the source voltage and current was made by Ajay Pai et al [6] , and the optimal operating voltage and current were experimentally determined and set at 20 kV and 1000 µA, respectively.
The inclusion of leaf as one of the trash classes does not change the optimal operating voltage and current. Polypropylene and leaf contaminants have similar densities and it has been experimentally verified that they produce similar values of attenuation coefficients for a range of x-ray energies and hence the study of contrast of leaf becomes inconsequential. Therefore, it was concluded that the optimal scan be performed at the voltage level where the highest contrast may be obtained, 20 kV, and the current setting that ensures the largest number of photons impinging upon the object surface, 1000 µA.
There are a few issues that need to be resolved for low-energy scans. Firstly, as the lowering of the x-ray beam energy causes an increase in the perceived attenuation coefficient values, it simultaneously causes a large number of low intensity background features to become visible. There is an advantage to this phenomenon, which makes it desirable to scan cotton at very low energy levels. A low-energy scan allows for the detection of very low-density cotton impurities like polypropylene and leaf, a major source of concern to the cotton industry. The other problem encountered relates to the appearance of uniform noise throughout the slice. This noise may be attributed to the reduced number of photons emitted by the source at lower current levels, and may be eliminated to a degree by raising the tube current setting at constant tube voltage and by performing median filtering on the reconstructed slice.
SEGMENTATION AND CLASSIFICATION
A. Background Subtraction
Once the optimal operating point was set, attention was turned to segmentation process. 100 cross-sectional slices of contaminated cotton, scanned at the chosen operating point, were randomly chosen and trash pieces were segmented manually. The normalized distribution curves of the attenuation coefficients for cotton and trash are shown in Fig. 1 .
From Fig. 1 , it can be observed that there appears to be a considerable amount of overlap between the distribution curves of the background cotton, and the trash. The overlap was more pronounced for samples with varying density cotton. During the harvesting and ginning processes, cotton is subject to various mechanical forces, thereby making the packing density of cotton in any given volume inconsistent. The attenuation coefficients registered by high packing density cotton overlaps with the attenuation coefficient values observed for low-density trash (polypropylene and leaf), thus making segmentation using a global threshold ineffective. One way to overcome this problem is by performing background subtraction. The essence of this approach is to model the variations observed in cotton and subsequently subtracting it from the given cross-section.
The procedure for generating the background slice is based on the premise that the variation of attenuation coefficients observed in the regions of cotton is less than that observed in the regions where both trash and cotton are present. To test the goodness of the above-mentioned premise, each of the 100 cross-sections of contaminated cotton slices used earlier, were split into 8x8 blocks. The variance of attenuation coefficients observed in each of these blocks was calculated and the normalized histogram of variance is shown in Fig. 2 . From Fig. 2 , it can be observed that: 1)The variance values observed for blocks with both cotton and trash are in general greater than the variance values observed in blocks only with cotton. This may be attributed to the inhomogeneity of attenuation coefficient values since two dissimilar materials (cotton and trash) are present in the same block. 2)There is minimum overlap between the variance values observed for blocks with cotton and the variance values observed for blocks with both cotton and trash. This means that the low-variance and high-variance blocks can be effectively split with the help of a threshold. The algorithm for determining the variance threshold is as follows: 1)Each cross-sectional slice is split into non-overlapping 8x8 blocks. The purpose of fragmenting the slice into blocks is in order to isolate the blocks that are known to contain only cotton.
2)The variance of attenuation coefficients in each of the blocks is calculated.
3)Histogram of the variances of attenuation coefficients is generated. 4)Peaks and troughs (local maxima and minima) in the histogram (Fig. 2) are determined. 5)The first minima (whose variance value is the lowest) is chosen as the threshold. The first minima is found at the intersection of variance histograms for blocks with cotton alone and blocks with both cotton and trash, and so, it helps to isolates block that contain cotton only. Thus obtained threshold variance value is used to classify the previously generated 8x8 blocks into high-variance and low-variance blocks. To generate the background slice, the attenuation coefficients found in the low-variance blocks are substituted with the median of their value. Further, the attenuation coefficients found in the high-variance blocks are substituted with the mean of the attenuation coefficients found in the four nearest low-variance blocks. Thus obtained background slice [ Fig. 3(b) ] can be perceived as a smoothed version of its corresponding cross-sectional slice [ Fig. 3(a) ], except in the regions of trash. Subsequently, the background slice is subtracted from its corresponding cross-sectional slice to obtain the subtracted slice [ Fig. 3(c) ].
The most important aspect of the subtracted image is that the density variations observed in cotton have been compensated without affecting the regions where trash is present. To test the usefulness of the background subtraction technique, the same 100 slices used earlier, were background subtracted, the trash in them was manually segmented, the normalized histogram of x-ray attenuation coefficients found in the regions of trash and cotton was plotted [ Fig. 5 ] and the following observations were made: 1)Very high degree of uniformity was observed for cotton. 2)There is minimal overlap between the attenuation coefficient distribution of background cotton and the trash.
3)X-ray attenuation coefficients alone can be used to segment trash from cotton
The threshold attenuation coefficient value, used to segment cotton from trash, is determined by locating the first minima in the histogram of attenuation coefficients found in a slice.
B. Artifacts in CT images
High density trash particles pose an additional problem in the sense that, they promote the formation of image artifacts [9] in CT images. An artifact can be defined as an event in the image that does not correspond to the physical feature of the test object. These artifacts are prominent in the interfaces of different density materials, i.e., in the boundary of a high-density trash particle like bark and seedcoat fragments and the low-density background like cotton. The interface between low-density trash particle and cotton also produces artifacts, but they can be safely ignored as the extent of distortion they produce is negligible. These defects are bound to occur in CT images with high-density trash and they ultimately surface in the segmented output.
Ideally, a threshold applied at the valley in the histograms shown in Fig. 4 , should outline the shape of the trash to perfection. But because, the boundary of high-density trash and the low-density cotton is blurred due to the formation of artifacts, the shape of the trash gets distorted. A cross-sectional slice The goal of the segmentation algorithm is now well defined: It must be able to successfully outline the regions where trash is present, ignoring the artifacts. To solve this segmentation problem, two different approaches are used to segment low-density and high-density trash. Low-density trash particles, as previously stated, produce negligible artifacts, and so they can be effectively segmented by thresholding. Only high-density trash particles require a more sophisticated technique. An advantage of using different approaches for segmentation is the net reduction of the execution time. Thresholding requires very little processor time, where as, the sophisticated techniques that the high density trash particles require, consume a lot of time. Using one technique to segment all types of trash particles means unnecessary processor time on low-density trash, which can be avoided.
The fundamental idea behind this segmentation process is to capture all the intensity discontinuities, whose gradient values are greater than those normally observed for artifacts. This means that only intensity discontinuities produced by trash will be captured and the rest will be omitted. To perform edge detection, Canny edge detector [11] was chosen. This choice was made because, trash produces step edges in CT images, and Canny edge detector is optimal in detecting such edges. The gradient magnitude produced by the artifacts is much less compared to that produced by trash. It was decided that a lower threshold value of the Canny edge detector be set at 30% of the highest gradient magnitude in an image. This value is optimal in the sense that it effectively omits gradient values produced by artifacts while retaining those produced by trash. Fig. 6 shows a subtracted slice and the binary output obtained after edge detection. From these edge points, the regions in the image corresponding to the trash need to be identified and isolated. In other words, the image shown in Fig. 6 (b) needs to be split into regions of trash and cotton. To address this problem, we triangulate the edge points using Delaunay triangulation. The Delaunay triangulation of a set of points tends to generate regularly shaped triangles and is preferred over alternative triangulations [11] . Once the Delaunay triangles are formed on the edge points [ Fig. 6(c) ] what we essentially have is a set of triangles which can be classed into two types: One which is entirely contained in trash and the other contained in regions of cotton and artifacts. The task now is simplified, the triangles belonging to the former category need to be identified and the rest need to be eliminated. One important point to be noted is that none of these triangles are completely contained in the regions of artifacts alone. It is either combination of artifacts and cotton or trash. Since the cotton registers lower attenuation coefficients than artifacts, the average attenuation coefficient found in the triangles contained in cotton and artifacts will be smaller than the attenuation coefficients registered by artifacts. This information is very useful in classing these two types of triangles automatically. The average attenuation coefficients found in each of the triangles is computed and is compared with the threshold attenuation coefficient. If the average attenuation coefficient in a triangle is greater than the threshold value, then that triangle is classified as the one entirely contained in the region where trash is present, else, it is classified as the one contained in cotton and artifacts.
It was observed that significant artifacts were produced only in cases where trash particles register attenuation coefficients greater than 0.2. As stated earlier, in order to limit the execution time, trash particles whose attenuation coefficient are less than 0.2 are segmented using ordinary thresholding where as the rest are segmented by the procedure described above. Upon segmenting all the trash pieces in the tomographic slices, a 3D connected-component labeling algorithm is then applied to the volume to identify connected pieces of trash in adjacent slices. The labeled trash samples are then presented in the form of a three-dimensional plot [ Fig. 7 ] to the user, who may interactively select any individual sample for identification.
C. Feature Extraction
One other task that remains to be done is that of identifying the trash particle. In other words, the segmented trash particle needs to be classified into bark, seedcoat fragment, leaf or polypropylene. In this section, the different methods employed to classify the trash particles are detailed. From the given setup, there exist two primary areas from which features may be extracted, i.e., attenuation coefficient (intensity) values, and the spatial (shape) information. An explanation of the features used for the same is provided below.
1) Mean Attenuation coefficient:
Bark and seedcoat fragments provide tough outer covering for the soft tissues present in the cotton plant. By nature, they are hard, dense and they produce high attenuation coefficients. On the contrary, leaf and polypropylene are generally much lighter and offer low values of attenuation coefficients Therefore, the mean attenuation coefficient offered by a trash particle can be used effectively to classify it into low-density trash (leaf and polypropylene) or a high-density trash (bark and seedcoat fragments).
2) Uniformity Ratio: Typical attenuation coefficient distribution curves for the four classes of trash are shown in Fig. 8 . These curves, which are normalized, represent the distribution of the different classes after manual segmentation. One common trend observed in this study was the distinct shape and low spread of the polypropylene distribution [6] . Therefore, one could at best use distribution of attenuation coefficient values to separate polypropylene from the other classes. This has been achieved as follows. The attenuation coefficient distribution curve of a trash sample is first normalized so that the maximum height of the curve is unity, i.e.,
and the mean value of the elements is calculated. Note that this operation is performed on the elements of the distribution curve, and is independent of the voxel size of the trash sample. The mean value of 1 y is calculated as 
represents the probability density function of the curve. The mean value is very effective in separating the low average attenuation trash types (polypropylene) from the other trash types (bark, leaf and seed-coat fragments).
3) Aspect Ratio: A feature which measures the elongation of the trash particle can be effectively used to classify it into long and slender trash particles (bark/polypropylene) or small and compact trash particles (seedcoat fragment/leaf) [6] . A shape measure used for class separation is then calculated using the Hotelling Transform [12] and is based on the statistical properties of vector representations. The three-dimensional coordinates of the voxels constituting the trash sample are treated as random variables, and are represented by the three-dimensional vector
where x, y, and z represent the vector coordinates in the spatial domain. The mean vector of this vector population is defined as
where E{.} is the expected value of the argument. The covariance matrix is calculated as where T indicates vector transposition. Because x is three-dimensional, C x is a matrix of order 3 3 , with eigenvectors, X, and eigenvalues, , obtained from the solution of
The eigenvectors of the covariance matrix represent the directions of the three axes along which the voxels have a maximum spread (greatest variance). The corresponding eigenvalues give the relative spread along the three axes.
The ratio of the maximum eigenvalue max to the minimum eigenvalue min can be thought of as a measure of the length of the object to its width. This ratio is called the "Aspect ratio," and is defined as min max ratio Aspect .
From Fig. 10 , it can be seen that, long contaminants produce higher aspect ratios than compact contaminants.
4) Solidity:
Bark pieces, due to their fragile and slender nature, are susceptible to mechanical forces much more than the other trash types. During the harvesting and ginning processes, long bark pieces may break and may resemble the trash piece shown in the Fig. 10(a) . Since the pieces are broken, the aspect ratio for them becomes very low. If the same trash piece were not broken, the aspect ratio would have been many magnitudes greater. A broken bark piece may get misclassified as a small and compact trash piece (seedcoat fragment and leaf). This underlines the need for a new feature that will be able to differentiate broken barks from other trash varieties. Such a feature can be computed by determining the convex hull of the 3D trash particle [13] . Performing convex hull on 3D dataset generates a set of triangles which enclose all the points on the dataset and also the total surface area of all the triangles is smaller than all the other combinations. Since a convex hull encloses all the points in the dataset, the volume of the convex hull is always greater than the volume of the trash inside it. Solidity is determined by calculating the ratio of the volume of the trash particle to the volume of its convex hull. Fig. 10 shows different trash particles and their corresponding convex hulls. Normal trash pieces have convex hulls with a shape consistent with the trash itself. Broken bark pieces have crooked shape and the volume of their convex hull is generally much greater than its volume, i.e., broken bark pieces [ Fig. 10(a) ] have much less solidity than the other trash varieties [ Fig. 10(b-d) ]. Hence this feature can be effectively used to classify broken bark from other trash varieties.
D. Feature Analysis and Classification
Given the nature of our problem, and the relatively large amount of information already known about the trash types, it is easy to see that an optimal classification scheme would involve the use of a rule-based classifier. However, a major foreseeable flaw in such a scheme is that the rules are based entirely upon rigid thresholds and, unless the features offer excellent separation, it may be prone to failure. Furthermore, such a scheme is relatively inflexible to the addition of other classes.
In view of these shortcomings, a fuzzy-logic based classification scheme was considered [14] . Given the fact that the majority of the trash classes under study are organic in nature, it is reasonable to expect a large variation in shapes and attenuation coefficients of objects belonging to each class. This is reflected in the observed overlap between the various classes [ Fig. 11(a) ]. Thus, in the absence of a crisp distinction between the four classes, it makes logical sense to use a classification procedure that provides us with information about the partial membership of a given object to a class, i.e., to what class the particular object most likely belongs. Fuzzy-logic is based on the concept of membership functions. Membership functions are real-valued functions (lying in the range [0,1]) used to describe the distribution of features in the feature space. The functions are generated from the feature distribution, and they span the entire length of the feature space. The features and the corresponding membership functions generated using them are shown in Fig. 12 . The membership functions are based upon the distribution of features in the feature space, and represent the linguistic variables high and low. The functions were approximated using sigmoidal functions, and may be modified to include any variations introduced by the addition of more samples. Similar membership functions are used to describe the output membership functions. In the case of the output membership functions [ Fig. 12(c)] , however, Gaussian distributions symmetric about the output feature space [0,1] were used. It is probably well worth reiterating at this point that a simple thresholding procedure would produce nearly identical results to those obtained by fuzzy classification. However, a thresholding scheme is avoided for the reasons elaborated above.
The features (namely, the mean value of the attenuation coefficient, uniformity ratio, aspect ratio and solidity), were measured for a test set of fifty contaminated cotton volumes containing 93 trash samples. Of the four features, Solidity is used only to classify broken bark pieces. Using the other three features (Mean attenuation coefficient, Aspect ratio and uniformity ratio), 2D feature spaces were constructed. This feature space is nothing but a 2D plot with two of the three features as axes. The region occupied by each of the trash type in the 2D space represents the variation of its computed features. Observations made on the feature spaces shown in Fig. 11 (d, e) are as follows: 1)From Fig. 11(d) it can be inferred that Leaf and Seedcoat fragments have lower aspect ratios than bark and polypropylene. 2) Fig. 11(d) shows that the mean attenuation coefficient observed for polypropylene is, in general, less than that observed for bark. Also, the mean attenuation coefficient for leaf is less than that of seedcoat fragment. This feature may be used in combination with aspect ratio to distinguish the four trash types. However, mean attenuation coefficient requires two thresholds [ Fig. 11(b) ]: one for separating bark and polypropylene, the other for leaf and seedcoat fragments. 3) From Fig. 11(e) , it can be seen that polypropylene (man-made material) generally has uniformity ratio greater than all the other trash types.
For each of the 93 trash pieces used for training, solidity values were computed and plotted in the 1D feature space as shown in Fig. 12(b) . Broken bark pieces, in general, are observed to have much less solidity values than the remaining trash types. These four features, when used according to the fuzzy conditional statements, were used to classify the 93 test samples. The fuzzy classifier includes conditional statements, relating the input and output membership functions.
These if-then statements are based on the a priori knowledge and describe the relationship between the input and output classes. The input conditional statements themselves are connected using fuzzy logical operators (logical intersection (AND), logical union (OR), etc.) In the case of cotton contaminants, one of the if-then statements used is as follows: "If Solidity is high AND Aspect ratio is low AND Mean attenuation coefficient is high, then seedcoat fragment is High, bark is Low, polypropylene is Low, leaf is Low."
The above statement states that if solidity is high, aspect ratio is low, mean attenuation coefficient of a given trash sample is high, then the probability of the sample belonging to the class Seedcoat fragment is high, whereas the probability of the sample belonging to any of the other three classes is low. Similar if-then statements are generated for the other three classes (bark, polypropylene, and leaf), and are as follows:
• "If Solidity is high, Aspect ratio is high, Mean attenuation coefficient is low and uniformity ratio is high, then polypropylene is high." • "If Solidity is high, Aspect ratio is low and Mean attenuation coefficient is not high, then leaf is high."
• "If Solidity is Low, and Mean Attenuation coefficient is high, then bark is high."
• "If Solidity is high, Aspect ratio is high, Mean attenuation coefficient is high and Uniformity ratio is low, then bark is high." These conditional statements are used in a three-step fuzzy classification procedure. The first of these steps is the fuzzification process, wherein the features are analyzed to determine the degree of membership for each of the conditional statements. The outputs of this procedure are two fuzzy subsets, which are then combined using the fuzzy logical intersection (AND) operator to generate a single fuzzy subset. This process is known as aggregation. The final step of the three-step procedure involves a process known as defuzzification, wherein the fuzzy subset is resolved to produce a single number. The most popular defuzzification method is centroid calculation, which returns the center of area under the curve. Application of this procedure for all four of the if-then statements results in a set of four numbers. This set indicates the probability of the given sample belonging to each of the four output classes. Based on the output probabilities, the object is assigned to either one or more classes. The results of this fuzzy classification procedure are discussed in the next section.
RESULTS
A. Fidelity of Segmentation
One important aspect to be checked is the faithfulness of the segmentation process. In other words, we need to check if the physical features of the segmented trash particles correspond to that of original trash samples. To verify this, the radiographic (2D) images and the 3D segmentation results were compared. The 3D segmented volumes were rotated and aligned such that the camera position and angle used to capture the radiographic image corresponds to the observer's eye position while viewing the 3D image. Thus by visually comparing the 2D radiographic image with the 3D segmented image, we can determine the faithfulness of this segmentation process. Fig 13 shows radiographic images of cotton and their corresponding segmented outputs. On visual comparison, it can be seen that the segmented output corresponds to the radiographic images to a good degree. 
B. Fuzzy Classification results
The test set used to measure the effectiveness of the features and the classification strategy consisted of 50 contaminated volumes with 93 trash samples of known classification. The four features, when used according to the fuzzy "if-then" rules, were used to classify the 93 test samples. The classification rate of the classifier is determined as the ratio of the number of correct classifications to the total number of samples tested. Testing this algorithm with 93 samples, we were able to achieve a correct classification rate of 89%. It should be noted that these preliminary results are not only promising but they far surpass those achieved by using any of the present-day technologies.
C. Comparison with AFIS
In AFIS trash analyzer, the trash content is determined by physically separating trash from cotton. The weights of the contaminants are optically estimated and the ratio of the weight of trash to the cotton sample is expressed as VFM% (Visible Foreign Matter). Since VFM measurements indicate the amount of trash in the sample, it was decided to compare VFM measurements with the proposed technique.
In order to perform this comparison study, 45 cotton samples were randomly selected from Grades 3, 4 and 5 cotton. (A Grade is assigned to a cotton sample by a composite assessment of three factors -color, trash content, and preparation. The higher the grade assigned to a sample, the lower is its quality.) These samples were scanned and subsequently segmented. As stated earlier, the mean x-ray attenuation coefficient offered by any object is proportional to its average density. Also, from the 3D segmented output, the volume occupied by trash (The number of voxels in the segmented object) can be determined. The product of the volume of trash and its mean x-ray attenuation coefficient is proportional to the product of its volume and density, i.e., the weight of the trash. Similarly, the product of the volume of cotton and its mean x-ray attenuation coefficient is proportional to the weight of cotton in that sample. Therefore, the ratio of thus computed weight of trash to cotton is assumed be proportional to the VFM measurements.
After determining VFM% for the samples using the proposed technique, the same samples were tested for VFM measurements using AFIS trash analyzer. (Courtesy: International Textile Center) Fig. 14 shows the comparison chart between AFIS VFM% and that calculated using the proposed technique. Coefficient of determination was found to be 0.7091. It is worth noting that the SkyScan 1074-Microtomograph is capable of scanning only a small region of the cotton placed in it, and so trash particles lying outside this region are omitted, whereas, the AFIS trash analyzer can work with the entire sample. This is believed to contribute to the discrepancy between the VFM measurements. Better values for coefficient of determination are expected with the use of bigger scanners, where the entire cotton sample can be scanned.
CONCLUSIONS AND FUTURE WORK
We have shown, through our research, that tomographic image analysis may be applied with a high degree of success to noninvasive evaluation of cotton for the recognition of contaminants. Due to the limitations of the x-ray source and detector, the host processor speed, and self-imposed constraints on image quality, we are relegated to scan-times on the order of 15-20 minutes. However, it should be noted that, even in its current form, this system successfully addresses the demand in the cotton industry for an off-line, reference method for trash assessment. In what follows, we outline the direction of our current research efforts in this area. 1) One aspect of our current research involves studies to enhance contrast between organic and inorganic materials by using a Ross-filter. These pairs of filters are made of elements with adjacent atomic number Z. The foil thickness is adjusted to provide identical absorption except in the energy region between the two K-edges of two metal foils [15] , [16] . The elemental composition of cotton and the main constituents of its biological contaminants are C, N, and O. Metallic contaminants, which do not have C, N, and O, can be distinguished from organic contaminants by using a Ross-Filter combination. Preliminary experiments were conducted with Al foils (Metallic contaminant) and Polypropylene (Organic contaminant) using Fe-Ti Ross filter combination failed to produce favorable results as the SkyScan-1074 microtomography system could not be operated at the desired voltages around 6kV. It is believed that once the scanner is functional at low-voltages, favorable results can be obtained. 2) Another topic of current research involves the inclusion of more contaminant classes [e.g., cotton neps, boll covering (carpel wall)] for classification. This will require the generation of more features and possibly a better segmentation algorithm.
The near future holds a great promise for this technology. With the rapid progress in the area of tomographic imaging, there is no doubt that the real-time scanning and reconstruction of volumes will soon become a reality. We believe that this procedure, when realized in real time, will have a profound impact on the cotton cleaning process, and indeed on the economic value of cotton.
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